In recent years, many states and localities in the USA have enacted bicycle helmet laws. We estimate the effects of these laws on injuries requiring emergency department treatment. Using hospital-level panel data and triple difference models, we find helmet laws are associated with reductions in bicycle-related head injuries among children. However, laws also are associated with decreases in non-head cycling injuries, as well as increases in head injuries from other wheeled sports. Thus, the observed reduction in bicycle-related head injuries may be due to reductions in bicycle riding induced by the laws.
INTRODUCTION
Cycling is one of the most popular recreational sports among children and adults. In 2010, there were about 40 million cyclists in the United States, 37 percent of whom were aged 7-17 years old (NSGA, 2012) . Cycling, however, is an activity that can lead to potentially serious injuries and death, particularly among children. In 2009, bicycle accidents resulted in 782 deaths nationwide, and over 518,000 emergency room visits (CDC, 2012a (CDC, , 2012b . Children aged 19 and under account for 57 percent of all bicycle injuries treated in emergency rooms and 15 percent of deaths. In fact, bicycle accidents are a leading cause of accidental death among children (CDC, 2012b) .
Deaths and serious injuries from bicycle accidents frequently result from trauma to the head, and children are more likely than any other age group to die from a bicycle-related head injury (Safe Kids USA, 2012) . Injured children also are more than twice as likely as injured adults to suffer from a head or facial injury (Rodgers, 2001) . Based on 1994-2001 admissions data from the National Pediatric Trauma Registry (NPTR), the National Safe Kids Campaign estimates that almost half of children ages 14 and under who were hospitalized for a bicycle-related accident had a traumatic brain injury. Most (about 75 percent) of these hospitalized children were males (National Safe Kids Campaign, 2002) .
Helmet usage reduces the probability of head trauma, but less than half of adults, teenagers, and pre-teen children report that they use helmets regularly (National Safe Kids Campaign, 2002; Thompson et al., 1989; CPSC, 1999; Carpenter and Stehr, 2011) .
1 For this reason, since 1987, 21 states, the District of Columbia, and over a hundred localities have implemented mandatory helmet laws targeted at children of various age groups. Community and state-level studies offer suggestive evidence that helmet laws are effective in increasing helmet usage.
2 However, there exists little information based on national data whether these state and local helmet regulations actually decrease head injuries from bicycle-related accidents.
To the best of our knowledge, only two studies exist based on national U.S. data that address the effects of bicycle helmet laws on fatalities from bicycle accidents, and no national study in the U.S. has examined the effects of helmet laws on injuries. Grant and Rutner (2004) examine the direct impact of helmet laws on juvenile fatalities that result from motor vehicle/bicycle accidents. They use 1975 to 2000 data from the Fatality Analysis Reporting System (FARS) and estimate models that include fixed effects to account for unobserved, time-invariant differences across states that might affect helmet legislation and fatalities from bicycle accidents. The authors find that a state-level helmet law is associated with a 15 percent reduction in fatalities among juveniles. Carpenter and Stehr (2011) update the fatality analysis of Grant and Rutner (2004) and analyze FARS fatality data spanning from 1991 to 2005. They find the laws are associated with a 19 percent reduction in child fatalities. These authors also explore the mechanism through which the laws reduce fatalities and find evidence that the laws are associated with increases in helmet usage but also reduced bicycle riding.
While the studies by Grant and Rutner (2004) and Carpenter and Stehr (2011) account for national and state trends that may confound their estimates, the results still must be interpreted carefully. First, the fatality results only pertain to deaths resulting from an accident on a public roadway. One important contribution of our paper is we examine the effect of helmet laws on a different outcome--bicycle-related injuries that require emergency room treatment. These visits are costly, and they are far more common than road-based fatalities. For example, in 2009, there were only 85 bicycle-related deaths nationwide reported in FARS for children under the age of 16, versus over 238,000 non-fatal bicyle-related injuries in emergency rooms for the same age group (NHTSA, 2009; CDC, 2012b) . Based on the 2003 MEPS, the average payment for an emergency department visit for a patient under 18 years old was $423 (Machlin, 2006) , and among all recreational sports, bicycle riding is the leading cause of pediatric emergency room visits (CDC 1995) . Some of these emergency department visits lead to hospitalization, and the average charge associated with a pediatric hospitalization for a bicycle-related injury in the U.S. is estimated to be $18,654 (Shah et al., 2007) . Given these costs, it is critical that we understand how helmet laws may be associated with such visits.
Our paper also makes a contribution over existing literature because our methods account for differences in the ages targeted by laws. Prior studies ignore such differences. As we discuss below, the age groups targeted by helmet laws vary widely across the country and across time, with states having varied age limits including ages 5, 12, 14, and 17. The prior two studies examine fatalities for children under 16, with the result that not all children represented in their treatment group are affected by the laws and that some children in the control group are affected by the laws. We take care to design our study so that the treatment and control groups are well defined and not overlapping. (Further below, we describe the difference-in-differences and differencein-difference-in-differences models used to evaluate the laws.) Like the previous literature, we also take care to account for existing trends among all riders that may confound our estimates. We test for possible spillover effects into other age groups not covered by the laws, and we look for direct and spillover effects of local as well as state helmet laws.
Finally, we also further the literature by considering the effects of helmet laws on injuries related to other sports in which a helmet may be worn. Some of the state helmet laws explicitly include other wheeled sports such as roller skating and scooter riding. It is also possible that the bicycle helmet laws create a norm of helmet wearing for other sports, such as skiing and ice skating, even when the laws do not specifically target those sports. To address this possibility, we generate injury rates by age for certain winter and wheeled sports, and examine the effects of the different types of helmet laws on injuries related to these sports. Bicycle helmet laws may have important spillover effects on injuries related to other sports, and this study is the first to examine such effects.
DATA

Injury data
Data on injuries come from the National Electronic Injury Surveillance System (NEISS), which we obtained for the years 1991 to 2008. The NEISS is a data collection effort sponsored by the Consumer Product Safety Commission (CPSC) and is designed to gather information on consumer product-related injuries from the emergency departments of hospitals across the United States. These data are patient-level data on accidents and injuries involving any consumer product. A consumer product is defined as any article used by consumers in or around a home, school, or recreational area (US CPSC 2013).
NEISS hospitals are representative of all U.S. general hospitals with emergency departments. In 1997, a strata was added to include children's hospitals. During a survey redesign in 1997, a resampling method was used that maximized the probability of retaining hospitals from the previous sample. In our final data set, we observe injury data from 141 hospitals located in 42 states. Hospitals may enter and exit the sample; however, 95 hospitals (67 percent) are in the data for at least 10 years, and 50 (35 percent) are in for all eighteen years of our sample period. The remaining hospitals are in the sample for an average of 6 years and of these, when a hospital is in a state with a helmet law, half are in long enough to observe injuries both before and after the passage of the helmet law.
The NEISS provides comprehensive details on each consumer product-related injury. This information comes from the patient's report given to the emergency department clerk, nurse, or physician, and is entered into the patient's medical record. At the end of each day, a trained NEISS coordinator at each participating hospital reviews the day's medical records and determines which, if any, injuries from that day involve a consumer product that is listed in the NEISS Coding Manual. There are approximately 900 product codes listed. The NEISS coordinator is instructed to choose the most specific product code possible, and to abstract information from the medial record for the NEISS database. The abstracted data include the victim's age, injury diagnosis, body parts affected, type of consumer product associated with the injury (e.g. bicycle, skateboard), and a brief narrative describing the cause of injury (US CPSC, 2000) .
From this information, we generate age-specific bicycle-related injury counts for each hospital in each year. Previous research indicates that helmet usage has the potential to prevent injuries to the head, brain, and scalp (Thompson et al., 1996) . Based on Thompson et al. , to best represent injuries that are potentially preventable by use of a bicycle helmet, we count only the injuries in which the most seriously hurt body part is the head, ear, or all parts of the body (at least 25 percent or more). This captures both internal head injuries (e.g., concussions) as well as external head injuries (e.g., laceration to scalp). Injuries to the face are not counted, since helmets are not likely to prevent injuries that most severely affect, for example, the mouth or nose. We limit the injury data to only those cases that involve a bicycle, mountain or all terrain bicycle, or a tricycle. These are codes 1202, 1301, 5033 and 5040 in the NEISS product code list. However, as the definition of these codes also includes bicycle accessories we took special care to include only those injuries that occurred while the person was riding on a bicycle (including young children riding with an adult). For example, head injuries involving a bicycle accessory such as an air pump were deleted. Injuries that occurred inside a house were also excluded as these are not expected to be prevented by a helmet. Another example of excluded injuries is those occurring to pedestrians who were hit by a cyclist. We used the accident narratives to assist us in determining which cases were relevant to our research question. To do this, we programmed certain keywords for an automated sorting.
3 When there were ambiguities, we read through the individual narratives and made a determination on a case-by-case basis.
After "cleaning" the data, we summed the individual cases to generate counts of bicycle-related head injuries by age, hospital, state, and year. These counts represent our main dependent variable, as we describe below. To account for exposure in the models, we use the total number of NEISS cases related to all consumer products in a hospital for each age. This total count has the advantage of being age, hospital, and year specific, just like the bicycle injury count, and at the same time providing a measure of the population served by the hospital. 4 Table I shows some summary statistics for these counts and the other variables. We present mean values along with the minimum and maximum values for those ages 5-19 and again for ages zero through adult. Note that the averages are based on single year of age, hospital and year, which results in some very small values for injury counts. The average bicycle head injury count for ages 5-19 is 1.06. Zeros are quite prevalent in this data, as there are zero injuries reported for 56 percent of the observations in this age group. Note that the average injury count rises to 2.4 if zeros are excluded. Because of the distribution of the injury data, we believe that a count model is the best estimation technique. We describe our methodology in detail in the estimation section below. Figure 1 shows trends in the national injury rates over time by age group. Head injury rates for children ages 5-11 show a dramatic decrease over time, falling from 21.2 injuries per 1000 cases in 1991 to 12.7 injuries per 1000 cases in 2008. The injury rate for children ages 0-4 also exhibits a downward trend, but it is much less pronounced, falling from 6.9 in 1991 to 5.3 in 2008. Teens ages 12-17 experience rates that initially increase slightly, rising from 9.1 in 1991 to 11.6 in 2000, and then falling to 8.7 in 2008. By contrast, the adult injury rate actually increases over time, rising from 3.7 to 5.1 over the time period presented. Since the trend appears to be different for adults versus children, we use caution when including adults in the comparison group, as we discuss further below.
Helmet laws
Information on the bicycle helmet laws comes from the Bicycle Helmet Safety Institute. We confirmed and expanded upon their information by consulting the state statutes. Table II lists each state, the effective date of any helmet law, the ages to which the law applies, and whether the helmet law pertains to other wheeled sports such as skateboards or roller skates.
5 Many cities and counties across the country also have local helmet laws. We account for these by gathering information on helmet laws for the county in which the NEISS hospital is located. These laws are fairly rare in the time span of our data. We observe local helmet laws for only 10 hospitals in 9 states, and therefore results for local laws should be treated as suggestive only. Not only is there limited variation in these laws, but the results are likely to be biased since hospitals admit patients from wider geographic areas than just counties; as a result, many of the patient injuries we observe could be under the jurisdiction of a different law than that of the hospital's county.
Care must be taken in interpreting the results of the all of the helmet laws. The degree to which the laws are enforced may vary widely across localities. Also, the penalties for violating the law tend to be very minor. In many cases, the penalty for the first offense is a verbal warning, and if a fine is imposed, it is often waived if a helmet is purchased. Given this, it is not clear whether an effect of the law reflects the effects of the actual law itself or whether it reflects any educational efforts, public campaigns, or changes in attitudes towards risk that accompany the helmet laws.
Other variables
Injury rates may vary across geographic areas simply because of factors such as differences in weather, temperature, or road conditions. We account for the influence of these factors by including some additional state-level variables in the models described below. First, we include the yearly average temperature and rainfall in the state in all models. These data come from the National Climatic Data Center of the U.S. National Oceanic and Atmospheric Administration. Next, we include the percentage of each state's highways classified as urban roadways. Heavy traffic volume on urban roadways may make riding more dangerous and accidents more likely than in rural areas. Annual vehicle miles per capita are also included to provide a measure of automobile density. These highway characteristics come from the Federal Highway Administration of the U.S. Department of Transportation. The state annual unemployment rate and real per capita income are included to help account for economic conditions and income available for purchasing bicycles and helmets, and for using alternative modes of transportation. These variables are available from the U.S. Bureau of Labor Statistics. The empirical models include hospital fixed effects which account for time-invariant hospital-specific characteristics. However, since we have eighteen years of data, there are many factors that can change during this long time span. We therefore include some time-varying hospital characteristics that may influence the injury rates for each hospital. These include: 1) the number of hospital beds (which represents hospital size), 2) an indicator for whether or not the hospital is a teaching hospital, and 3) an indicator for whether or not the hospital's emergency room is designated as a trauma center of any level. These data all come from the American Hospital Association (AHA). Indicators for missing values for these variables are also used as not all hospitals in the NEISS data have complete information from the AHA. 
ESTIMATION
The unit of observation in this data set is an age (a) in a NEISS hospital (h) in a year (t). The bicycle helmet laws vary by state, by the year the law becomes effective, and by the age group to which the law pertains. This gives us policy changes in multiple locations, time, and age groups. This situation is ideally analyzed using difference-in-differences (DD) or difference-in-difference-in-differences (DDD) models.
To help clarify the discussion below, we first discuss the terminology we use to describe the data. The term "law-state" is used to represent the 16 states and the 67 hospitals in those states that have a bicycle helmet law at some point during the study period. The term "no-law state" is used for the states and hospitals in those states that never have a bicycle helmet law during the study period. Next, we identify the "applicable ages", which is the range of ages that are required by law to wear helmets when riding (e.g. under 12). This is in contrast to the "non-applicable ages", which are the ages that are not covered by the law. Lastly, we use the terms "pre period" and "post period" to describe the years before and after the laws are in effect. These periods vary by state since each state enacts their helmet laws at different times.
The models use the injury counts of people of non-applicable ages as the comparison group. We use two age groupings as the basis for this comparison. The first includes children up through age 19. Note that we allow 19 year olds to be included as children since a few state laws extend to all children under age 18, so in order to have enough observations in the comparison group, we use the injury rates of 18 and 19 year olds. The second comparison group includes children of non-applicable ages plus adults ages 20 and up. We also have an issue of whether or not to include children under the age of 5. For most models, we will exclude these children since there are very few head injuries among the youngest children. However, as some of the early laws pertain only to those under age 5, we present some specifications that include these children.
Given the variations in age, location, and time, we ideally would like to estimate a multi-group, multiperiod, multi-site, DDD model. However, the proper estimation of such a model would require interactions between 1) the age and the year indicators, 2) age and location indicators, and 3) location indicators and year indicators. The most complete model for children between ages 5 and 19 would include 15 ages, 18 years, and 141 hospitals, resulting in the inclusion of over 4700 main and interaction terms. A more collapsed specification using state indicators instead of hospitals would still result in over 1500 interaction terms. Unfortunately, it is difficult to get count models to converge with such full saturation.
Since the fully interacted DDD model is not feasible, we rely on a multi-group, multi-period, two-site DDD model. That is, we reduce the number of location interactions and replace state (or hospital) indicators with a single indicator variable for whether or not the hospital is located in a law-state. The resulting DDD model then includes age fixed effects, year fixed effects, the law-state indicator, interactions between age and year effects, interactions between age and the law-state indicator, and interactions between year indicators and the law-state indicator. This reduces the number of main and interaction effects to 301:
In equation 1, I aht is the injury count for age (a) in a hospital (h) in a year (t). For example, an observation is the number of injuries involving 5 year olds in Memorial Hospital in 1991. The vector X includes state and hospital specific characteristics that may determine injury rates as described in the data section. The coefficient on the policy indicator shows the effect of the law on injury counts of children of applicable ages in the post period.
The comparison group includes children in law-states of non-applicable ages in the post period and children in non-law states of all ages. We next modify equation 1 by replacing the law-state indicator with hospital (or state) fixed effects, but still using the law-state indicator to generate the interaction terms with age and year. This modification helps control for any time-invariant within state or hospital characteristics, and is our preferred specification:
For comparison sake, we also present a three way fixed effects model that omits the interaction terms and simply controls for age fixed effects, hospital fixed effects and year fixed effects:
In equation 3, the coefficient on the policy indicator still shows the effect of the law on injury rates of children of applicable ages in the post period. The drawback to this estimation is that the only information that comes from the no-law states is a national trend. This specification does not difference out any treatment versus control group information from the no-law states and is essentially the same as a straightforward DD model on a sample of only the law-states. Indeed, in a separate table below, we show results from multi-group, multi-time period DD models on the sample of only law-states. The DD model has the advantage of generating a clean interpretation. It compares the injury rates of children of applicable ages in a hospital before and after the law, while netting out the trends generated from children of non-applicable ages in the same hospitals before and after the law.
One issue with all of the above models pertains to the quality of the control groups used for comparison. Ideally, a control group will be similar to the treatment group in many respects, but remain unaffected by the law. The quality of the control group can be questioned in the case of helmet laws and usage, since it is easy to argue that helmet laws may have spillover effects to non-applicable ages, especially among children. For example, public campaigns about the law may not highlight the age at which the law applies. Parents may require children of both applicable and non-applicable ages to wear helmets in response to the laws. The laws may create new social norms about riding for all ages. All of these possibilities call into question the appropriateness of individuals of non-applicable ages as the control group. We discuss this issue in further detail below.
Our empirical approach to answering the question of whether bicycle helmet laws are effective in reducing head injury rates among children relies on the weight of evidence provided by the different models outlined above. We will compare results from each, along with comparisons from using different definitions of the control group based on age. All models will be estimated with Poisson regression analysis, which is an appropriate technique for analyzing injury counts, particularly when there are a lot of zeros present in the dependent variable. To permit for overdispersion, standard errors are adjusted for heteroskedasticity of unknown form that includes a within-state cluster correlation (Cameron and Trivedi 2005; Bertrand et al. 2004) . The advantage of the Poisson estimation is that the estimates are consistent regardless of whether the counts actually have a Poisson distribution (Wooldridge 2002 ).
6 Each model includes the log of the agespecific population as a right hand side variable to normalize for exposure. The coefficient on this log population is constrained to equal one. Table III shows the results of bicycle helmet laws on injury counts among children ages 5-19. Four different models are shown, corresponding to equations 1, 2 and 3 above. Equation 2 is estimated twice--first with state value indicators for hospital beds, teaching hospital and trauma hospital, and the log of the age-specific population, with coefficient constrained to equal 1 to normalize for exposure. Columns 1 and 2 include fixed effects for age, year and hospitals. Columns 3 and 4 include:
RESULTS
Main specifications
fixed effects for age; fixed effects for year; an indicator for being in a law state; interactions between age indicators and year indicators; interactions between the indicator for being in a law state and year indicators; and interactions between the indicator for being in a law state and age indicators. Columns 5 and 6 include:
fixed effects for age; fixed effects for year; fixed effects for states; interactions between age indicators and year indicators; interactions between fixed effects and second with hospital fixed effects. We change the order in the table and present the results for the three way fixed effects first (equation 3). This shows a progression from the least inclusive to the most inclusive specification in terms of fixed effects and interactions. Models are also shown with and without the indicator for the presence of a local helmet law. In all models in Table III , the coefficient on the state helmet law is negative and statistically significant. The magnitude varies based on the specification, with the least inclusive model corresponding to the largest magnitude. The magnitude falls with the inclusion of the interactions and the state fixed effects. Our preferred specification is shown in column 7 (with little difference when the local law is added in column 8.). This is the most inclusive DDD model with hospital fixed effects. Here, the coefficient shows that having a bicycle helmet law is associated with a reduction in the bicycle-related head injury count of 13.7 percent. In other words, considering a mean count of 1.06 injuries per age group, hospital and year, we can expect a decrease in this count of 0.145 injuries, down from 1.06 to 0.914 injuries.
In Table IV , we use the preferred specification (equation 2) to test whether the results are sensitive to the inclusion of children under age 5 and to the inclusion of adults. The included ages are specified in the row labeled "Sample". The protective effect of helmet laws is still apparent. The bicycle helmet laws are associated with a reduction in the bicycle-related head injury counts of a range of 14 to 20 percent. The local laws are also associated with a reduction in head injuries, but the coefficient is significant only at the 10 percent level in the models that include adults as part of the control group.
In Table V , we estimate DD models on the sample of law-states only. The purpose here is to demonstrate results within a simple in-hospital experiment. These models compares the injury rates of children of applicable ages in a hospital before and after the law, while netting out the trends generated from children of non-applicable ages in the same hospitals before and after the law. We vary the age groups included, and therefore vary the age definitions for the treatment and control groups. Results with adults included in the control group are not shown for brevity but are similar to those presented in the table. In all models, the coefficient on the state helmet laws is negative and statistically significant, with magnitudes similar to those of the previous tables.
Validity of control groups
One concern with the DDD and DD models regards the validity of the control groups, particularly since spillover effects of the laws to non-applicable age groups are possible. As described below, we provide some suggestive evidence that the control groups are valid. Notes: Coefficients transformed into semi-elasticities shown. T-statistics in parentheses calculated with standard errors clustered at the state level. Models also include vehicle miles per capita; percent rural roads; average rainfall; average temperature; unemployment rate; real per capita income; number of hospital beds, indicators for teaching hospital and trauma hospital; missing value indicators for hospital beds, teaching hospital and trauma hospital; the log of the age-specific population, with coefficient constrained to equal 1 to normalize for exposure; fixed effects for age; fixed effects for year; fixed effects for hospitals; interactions between age indicators and year indicators; interactions between the indicator for being in a law state and year indicators; and interactions between the indicator for being in a law state and age indicators.
We first collapse the data for the law-states by hospital and year into treatment and control groups, before and after the law. We then run simple two group, two period DD models. The effect of the law is reflected in the coefficient on the treatment group in the post period. In addition, the coefficient on the post period can be interpreted as the effects on injury rates of being in the control group in the post period. This coefficient will contain any spillover effects plus any other post-period effect that is not already captured by the other state and hospital level variables. Therefore, while is not a pure test of the spillover effects, an examination of this coefficient can provide suggestive evidence.
When doing this exercise, we limit the data to those of ages 5 and up in order to help eliminate difficulties in coding the groups that arise from changes in the applicable ages of the law. We also take care to account for changes in the applicable ages in some states over time by running different models with different assumptions about the applicable age, and by deleting some problematic states.
7
Since the point of this simple DD model is to check on the quality of the control groups and see if we can observe any spillover effects of the laws, we tested four different control groups: First, we use teens ages 18 and 19 since this group serves as controls in all states; Second, we use children one, two or three years above the applicable age. For example, if the applicable age is 'under 12' in a state, children ages 12, 13, and 14 are designated as the control group. We expect that any spillover effects would occur among children closest in age to the applicable ages. The third control group is the same as the second; however, in these models, we limit the treatment group to children at the applicable age and one and two years younger. This generates a sample of children within six years of age, who should be similar in many respects, particularly riding habits. Lastly, we use only adults as the control group since no state law pertains to adults.
The results of this exercise uniformly show negative and significant coefficients for the treatment group in the post period, and small and statistically insignificant coefficients for the control groups in the post period. These insignificant coefficients are suggestive of a lack of spillover effects, although not definitive, since any positive post period trend in injuries could dampen any reduction in injuries that result from the law spillover to the older groups. We do note that this is a strong possibility when 18-19 year olds and adults are in the control group as Figure 1 shows some upward trends in the injury rates for these groups.
Checks for policy endogeneity and influence from small hospitals
Another concern with our estimation strategy is policy endogeneity where the laws are passed in response to high rate of injuries. To check for this problem, we ran our preferred DDD specification including the current year state law and an indicator for the next year's law. The size and significance of the coefficient on the current 7 Connecticut, Massachusetts and New Jersey all change the applicable age during the time span of our data. We run each model three times. The first uses the lowest age as the applicable age and ignores the subsequent age change. The second uses the highest age as the applicable age and ignores the lower age limit. Finally, we delete these three problem states to avoid the issue altogether. Results are similar across all models and are available upon request. year law is very similar to that in Table III , column 7, while the coefficient on the future law is very small and statistically indistinguishable from zero (results not shown). This provides some evidence that policy endogeneity is not an issue. We also worry that the results presented thus far may be influenced by the injury counts in the small hospitals. That is, the rate within a small hospital could be very high if there are many bike related injuries relative to the number of overall NEISS cases. In results not shown, but available upon request we limit the sample first by excluding all observations in small hospitals and second, by excluding of all observations in small and medium size hospitals. Hospital size is defined by NEISS based on the number of emergency room visits. The results remain unchanged from previous models and indicate a decrease in the bicycle head injury count in the range of 11.5 to 14.3 percent after the enactment of a helmet law.
SAFER RIDING OR CHANGES IN RIDERSHIP?
A major concern with the results presented thus far is that we do not know whether the reduction in head injuries associated with the law arises from more children wearing helmets when they ride bicycles, from children riding more safely in general (say by avoiding street riding), or simply from a reduction in the number of children riding bicycles. Grant and Rutner (2004) find no evidence of a substitution to walking (as measured by pedestrian fatalities) or driving (as measured by vehicle miles) associated with helmet laws, while Carpenter and Stehr (2011) find a reduction in riding among high school students as a result of the laws. We test for such effects first by examining the effects of the laws on bicycle related injuries to other body parts and second, by examining the effects of helmet laws on injury rates of other popular sports.
To consider the effects of the laws on non-head injuries, we generate three bicycle related injury counts for children ages 5-19 (Table VI) . The first is a count of all injuries to body parts other than the head, ear, or total body. The second is a count of injuries to the face, eye, mouth and neck, which should be most closely related to head injuries, but not preventable by a helmet. The third is an injury count pertaining to all body parts below the neck. The results for all three injury types are very similar. Bicycle helmet laws are associated with about a 9 percent reduction in these injuries. Unfortunately, this exercise does not go far in answering the question since a decrease in these injuries is consistent with both a decrease in ridership and safer riding practices. What we can conclude from these results, however, is that there appears to be no substitution in the injury reports from the head (which may be protected by a helmet) to an unprotected body part. If this were the case, we would expect to see an increase in other injuries associated with the helmet laws. Next we consider the effects of helmet laws on injury rates of other sports. Laws for helmets in four of the states in our sample explicitly cover other wheeled sports such as roller skates and scooters.
8 Even in the absence of these specific laws, it is possible that the bicycle helmet laws create a norm of helmet wearing for all sports with a risk of head injury. This can include winter sports such as skiing and ice skating in addition to the wheeled sports. In this case, we expect to see a decrease in head injuries for these other sports. However, if the bicycle helmet laws induce children to substitute away from bike riding toward the other sports, we may see an increase in injuries related to these sports.
Using the NEISS data and the same process described for bicycle injuries, we generate injury rates by age for certain wheeled and winter sports. Wheeled sports include scooters, skateboards, roller skates, in-line skates, and wheeled riding toys excluding bicycles and tricycles. Winter sports include ice skating and ice hockey, snow skiing, and snowboarding. Table I shows the injury counts for these sports, which are far less common than bicycle injuries. Trends in these injuries for children (not shown) show a distinct upward path over time.
The models shown in Table VI use the preferred DDD specification that includes the hospital fixed effects. The state helmet law indicator is defined in the same way as in the previous tables. We then add an incremental indicator for whether the state helmet law pertains to other wheeled sports too. We show results restricting the sample to ages 5-19; however, results that include adults in the control group are very similar. We also show results for injuries occurring to the head only and to all other body parts.
The results are striking in that the helmet laws are associated with an increase in injuries from wheeled sports and the laws that pertain specifically to wheeled sports have no effects on these injuries. These results are notable give that the estimates are net of national trends and net of trends for children of similar ages in non-law states. The results for the bicycle helmet law could be interpreted as reflecting a substitution effect away from bicycle riding towards the other wheeled sports in response to the laws.
The results for winter sports are also shown in Table VI . Here, neither the bicycle helmet law nor the wheeled sports helmet laws are associated with injuries for skiing and skating. This is some evidence against a norm being generated by the helmet laws that is broadly applied to winter sports.
DISCUSSION
In this paper, we examine the question of whether bicycle helmet laws are associated with reductions in head injury rates among children. We consider the effects of the laws directly on bicycle related head injuries, bicycle related non-head injuries, and injuries as a result of participating in other wheeled sports (primarily skateboarding, roller skating, and riding scooters). For 5-19 year olds, we find that the helmet laws are associated with a 13 percent reduction in bicycle related head injuries, but the laws are also associated with a 9 percent reduction in non-head bicycle related injuries and an 11 percent increase in all types of injuries from the wheeled sports.
These results are checked in a variety of ways. Through variations on DDD and DD models, we show that the estimated reduction in head injuries resulting from helmet laws is robust to changes in the definition of the control group, to changes in the type of fixed effects included (state versus hospital), and to changes in the samples of states and hospitals evaluated. We also provide some limited evidence of a "clean" control group, that is, one where the laws do not have spillover effects to children of non-applicable ages.
To what do we attribute the observed changes in head and other injuries? Unfortunately, it is difficult to identify the mechanisms at work with our injury data, since we cannot distinguish between a decrease in riding versus a change in safe riding behaviors. Our results fit both stories. That is, if the laws decrease bicycle riding we would see a decrease in both head injuries and injuries to other body parts, which we do. If the helmet laws promote safer riding practices in general and awareness of the risks of riding, we would also see the decrease in both head and non-head injuries. Our evidence in support of the decrease ridership theory comes from the observed increase in injuries in other wheeled sports that is associated with the bicycle helmet laws. We note that Carpenter and Stehr (2011) also find some evidence of the substitution effect using survey data on bicycle riding among high school students.
The uncertainty surrounding the mechanism at work also extends to the question of whether the laws themselves are responsible for the reduction in injuries, or rather, we are observing the effects of education campaigns, or changes in attitudes towards risk that accompany the helmet laws. As we noted earlier, the enforcement and penalties may vary widely across localities so where these factors are lax, the laws may have less to do with the reductions in injuries than the safety awareness that accompany the passage of the laws.
The mechanism aside, perhaps what is most important is an estimate of the total effect on injuries associated with the helmet laws. Considering the different offsetting results, we run our preferred specification on injury counts for 1) all head injuries and 2) total (all head and body) injuries arising from cycling and wheeled sports. The net effects of the helmet laws are small and are not statistically different from zero. However, they do point to a net reduction, be they imprecisely estimated, with a 6 percent reduction in all head injuries and a 2 percent reduction in total injuries (results not shown).
The findings from this paper indicate that while bicycle helmet laws are widespread and thought to be effective, the net effect of these laws on health outcomes is actually not straight-forward. It is clear that there are offsetting behaviors and unintended consequences of these laws, and these effects need to be considered by policymakers.
